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Maize Tassel Detection Algorithm after Artificial Emasculation
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Abstract. Detecting missed tassels is crucial for assessing the quality of aritificial emasculation in maize
seed production fields. Aiming at the problems of large parameter quantity, low detection efficiency and
poor accuracy of the existing maize tassel detection models, a lightweight tassel detection model based on
RTMDet — tiny, named MLCE — RTMDet, was proposed. The model used the lightweight MobileNetv3 as
the feature extraction network to effectively reduce the model parameters. The CBAM attention module in
the neck network was integrated to enhance multi-scale feature extraction capability for tassel objects,
overcoming potential performance losses caused by the lightweight networks. Simultaneously, the EIOU
Loss was adopted, replacing the GIOU Loss, which further improved the accuracy of tassel detection.
Experiments on the self-built dataset showed that the improved MLCE — RTMDet model reduced model
parameters to 3.9 x 10°, while the number of floating point operations was lowered to 5.3 x 10°, resulting
in a 20. 4% reduction in parameters and a 34. 6% decrease in computational complexity compared with
that of the original model. When evaluated on the test set, the model’s mean average precision (mAP)
reached 92. 2% , reflecting a 1.2 percentage points improvement over the original model. The inference

speed was increased to 41.9 frames per second (FPS), representing a 12. 6% enhancement. Compared
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with current mainstream detection models such as YOLO v6, YOLO v8, and YOLO X, MLCE — RTMDet

demonstrated superior overall detection performance.

The improved high-accuracy lightweight model

offered technical support for tassel re-inspection and emasculation quality assessment in maize seed

production fields following artificial emasculation.

Key words: drone; object detection; artificial emasculation ; maize tassel; RTMDet; lightweight network
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Fig.1 Tassels in two different states in seed production field after artificial emasculation
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Fig.2 Images after data augmentation
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Tab.2 Results of ablation experiments for lightweight

backbone network
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+ M31 3.9 x10° 5.3 x10° 90.9
+ M3s 1.6 x10° 3.7 x10° 88.9
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Tab.3 Results of ablation experiments for attention

mechanism
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Tab.4 Results of ablation experiments for loss function
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Tab.5 Results of ablation experiments for tassel

detection model
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Fig.7 Heat maps resulted from ablation experiments for attention mechanism
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Tab.6 Performance comparison on different tassel

detection models

_— - FHiE HHHEE/ mAP@O.5/
A (fes™h) %
YOLO v6 4.30 x 10° 5.50 x 10° 35.5 87. 4
YOLO v8 3.10 x 10° 4.10 x 10° 75.0 88. 4
YOLO X 1.40 x10° 1.90 x10°  57.3 88.5
Faster R—CNN  4.12x107 7.82x10'"  16.7 85. 1
RTMDet — tiny 4.90 x10° 8.10 x10°  37.2 91.0
MSCE — RTMDet 1. 60 x 10° 3.70 x 10° 43.0 90. 3
MLCE — RTMDet  3.90 x10° 5.30 x10°  41.9 92.2
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Fig.9 Comparison of detection results of tassel detection models on test set
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Fig. 10  Application of tassel detection model on
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Tab.7 Detection accuracy statistics for UAV

image blocks %

7Ik=s

Col =1 Col =2 Col =3 Col =4 Col =5 Col =6 Col =7 Col -8

15

Row—1 67 81 88 95 93 94 92 74
Row—-2 25 97 97 100 97 93 87 54
Row—-3 78 94 97 100 100 100 93 64
Row—4 65 81 89 96 96 95 93 47
Row—-5 67 82 93 92 97 85 84 25

H:Col =1 FIREE 1 5], Row — 1 FREE 147, LABb 2R,

IR G I 255 3 A RTINS 22 25 ) T, 2 1) — o A Bt 2 114
HEREAG AR . BRSO 3.9 x 10°, BRI PR A
BRBCN 5.3 x 107 HERUE N 41.9 /s, 7] T
N T 26 7 i it s 0 L 00 T AGE U
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